Genome-wide patterns of variation across individuals provide a powerful source of data for uncovering the history of migration, range expansion, and adaptation of the human species. However, high-resolution surveys of variation in genotype, haplotype and copy number have generally focused on a small number of population groups [1] [2] [3] . Here we report the analysis of high-quality genotypes at 525,910 single-nucleotide polymorphisms (SNPs) and 396 copy-number-variable loci in a worldwide sample of 29 populations. Analysis of SNP genotypes yields strongly supported finescale inferences about population structure. Increasing linkage disequilibrium is observed with increasing geographic distance from Africa, as expected under a serial founder effect for the out-of-Africa spread of human populations. New approaches for haplotype analysis produce inferences about population structure that complement results based on unphased SNPs. Despite a difference from SNPs in the frequency spectrum of the copy-number variants (CNVs) detected-including a comparatively large number of CNVs in previously unexamined populations from Oceania and the Americas-the global distribution of CNVs largely accords with population structure analyses for SNP data sets of similar size. Our results produce new inferences about inter-population variation, support the utility of CNVs in human population-genetic research, and serve as a genomic resource for human-genetic studies in diverse worldwide populations.
The Human Genome Diversity Project (HGDP) was initiated for the purpose of assessing worldwide genetic diversity, providing cell lines maintained at the Centre d'É tude du Polymorphisme Humain (CEPH) for use in population-genetic studies 4 . We genotyped a geographically broad subset of 485 individuals from the HGDP-CEPH panel, with complete inclusion of HGDP-CEPH Africans (Supplementary Fig. 1 ). After correction for sample size differences across geographic regions 5 , 81.17% of SNP alleles were observed in all five of the main regions (Fig. 1a) . The next most frequently observed geographic distributions represented alleles found everywhere except Oceania (3.80%), everywhere except the Americas (3.01%), and everywhere except Africa (2.20%). Regionally private alleles were uncommon: 0.91% for Africa, 0.75% for Eurasia (Europe, Central/ South Asia and the Middle East, including North Africa), and near zero for other regions.
Genomic analysis of population structure produced higherresolution inferences than have previously been obtained. In a neighbour-joining population tree based on allele-sharing distance, with one exception, all internal branches were supported by all 1,000 bootstrap replicates across loci (Fig. 1b) ; nine replicates grouped the Adygei population with Russians and Basques. The tree supports the clustering of each of the main geographic regions and contains a separation of African hunter-gatherers (San, Mbuti and Biaka) from other Africans.
Bayesian cluster analysis 6 was largely concordant with previous analyses of microsatellite and short insertion-deletion polymorphisms [7] [8] [9] . Analysis with six clusters revealed groupings corresponding to five geographic subdivisions separated by major barriers, with a cline longitudinally across Asia and with a sixth cluster centred on the Kalash population of Pakistan (Fig. 1c) . Within geographic regions, the cluster analysis subdivided groupings that were observed previously with fewer markers 9 ( Fig. 1c and Supplementary Fig. 2 ). Multidimensional scaling (MDS) separated the populations of different geographic regions (Fig. 1d) , including Europe, Central/ South Asia and the Middle East, which clustered together in the global bayesian analysis. Within regions, MDS split the individuals of distinct populations into distinct clusters ( Supplementary Fig. 3 ), even in some cases for which bayesian analysis produced little separation between populations. The possibility of placing the MDS graph in approximate geographical orientation, with latitude and longitude representing the vertical and horizontal axes, suggests that geographic distance is a primary determinant of human genetic differentiation 10, 11 . This view is supported by a linear increase in genetic distance with geographic distance from East Africa (Fig. 2a) .
Linkage disequilibrium (LD), as obtained with the homozygositybased HR 2 measure
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, declined as a function of physical distance, with the highest values occurring in the Americas, followed by Oceania, East Asia, Eurasia and Africa (Fig. 2b) . Only two populations deviated from this pattern-Maya, a potentially admixed group, and Kalash, a population isolate. Although reduced LD has consistently been observed in Africa, LD levels in non-African groups have been difficult to rank [13] [14] [15] [16] . We observed that, with high precision, LD increased with geographic distance from East Africa (Fig. 2c) . This pattern matches the prediction from a model of sequential founder effects during spatial expansion from Africa 11 , because such founder effects would be expected to increase LD at each step of the expansion 15, 17 .
To circumvent possible biases in SNP selection procedures 13 , we also analysed estimated haplotypes. In comparison with the pattern for HR 2 , a nearly identical LD decay was observed with the r 2 measure applied to phased data ( Supplementary Fig. 4 ). The correlation of population ranks by HR 2 and r 2 levels exceeded 0.95 across a wide range of physical distances (Fig. 2d) .
For further assessment of haplotype variation, we devised a new approach that avoided the difficulty of choosing window lengths for haplotypic analysis. Variation is summarized locally at each point in the genome by using a collection of 20 'haplotype clusters', each of which represents a group of haplotypes that overlap the point. For every population, frequencies for the various haplotype clusters are estimated at each SNP. Example illustrations of these frequencies are shown in Fig. 3 in the vicinity of the lactase gene (LCT)
To make use of haplotypes in population structure analysis, we generated ten haplotype cluster data sets, each of which assigned each individual two haplotype clusters at every point along the genome, with both cluster memberships ranging from 1 to 20. The ten data sets were then analysed with the same methods as those used for unphased genotypes, treating distinct clusters in the same manner as distinct alleles.
Only 12.43% of haplotype clusters were observed in all five regions, whereas 18.03% were private to Africa (Fig. 1a) . Geographically localized haplotype clusters were considerably more common than localized SNP alleles, with 51.87% of clusters being found in at most two regions, in contrast with 4.66% of SNP alleles. Despite these differences in geographic distributions, the haplotype-based neighbourjoining tree had an identical shape to the SNP-based tree, except for a Basque-Russian-Adygei grouping (Fig. 1b) , and haplotype-based and SNP-based MDS plots were extremely similar (Fig. 1d) . Bayesian clusters with haplotype data matched those in the unphased analysis, except that the haplotypically diverse Africans quickly split into a cluster partly corresponding to African hunter-gatherers and a cluster for the other African populations, and Native Americans and Kalash did not separate (Fig. 1c) . The general agreement of SNPbased and haplotype-based analyses suggests that at the high density considered, unphased SNPs provide considerable population structure information, although haplotype data can contribute an additional informative component for population structure analysis. Haplotype-based subdivision of Africans suggests a preference for splitting the highest-diversity groups over separating relatively isolated populations-Kalash and Native Americans-whose haplotypes largely represent subsets of those seen in neighbouring groups.
In conjunction with SNP typing, we identified CNVs by using PennCNV 20 , a CNV-calling program that relies on SNP allele frequencies, SNP spacing, and genotyping signal intensities and allelic intensity ratios normalized by signals for a reference panel. We detected 3,552 CNVs at 1,428 copy-number-variable loci, including 507 loci at which CNVs have not previously been reported. Sufficient reliability of CNV genotypes for population-genetic analysis is supported by the observation that all CNVs detectable by using consecutive heterozygous genotypes on male X chromosomes were also identified from signal intensity (Supplementary Figs 8  and 9 ), by a combined false-positive and false-negative rate of 9% reported for PennCNV 20 , and by a false-positive rate below 0.7% as estimated from duplicate samples 21 ( Supplementary Figs 10 and 11 ). For analyses of population structure (Fig. 1) , the CNV data set was restricted to 396 non-singleton autosomal loci in 405 unrelated individuals. CNVs tended to have low frequencies worldwide: only one CNV frequency exceeded 10% (Supplementary Fig. 12 ). Within geographic regions, however, higher-frequency CNVs were more common, especially in Oceania and the Americas (Fig. 4a and Supplementary Fig. 13 ). Consistent with this trend, three of the four populations with the greatest numbers of CNVs detected per individual occurred in these regions, the fourth being Kalash (Fig. 4b) . In contrast with their usual reduced variation 11, 13 , populations from Oceania and the Americas had more CNV loci and more previously unobserved CNV loci than most other populations. The number of private CNVs was larger for Oceania than for Africa and Eurasia (Fig. 1a) , a pattern not observed with SNP and haplotype variation.
Private CNVs were more common than private SNP alleles, and for CNVs the percentage observed in all five regions, 61.19%, was smaller than for SNPs. The excess of rare and localized variants is probably due in part to comparison with preselected known SNPs, but it accords with a skew towards rare variants in CNVs observed with other genotyping technologies 22, 23 . However, some bias may exist in CNV detection; as a result of difficulties in detecting high-frequency CNVs from comparisons against reference intensities 24 , the absence from the reference panel of Kalash and populations from Oceania and the Americas may have increased the potential for identifying CNVs in these groups. In such distinctive populations, unusual intensity signals for deletions or duplications are less likely to have been diluted by inclusion in the reference panel of individuals with an atypical copy number. Partial similarity was observed between population structure inferred for CNVs and that inferred from considerably larger SNP and haplotype data sets. In the population tree, major geographic regions largely formed separate branches, but with different lowerlevel groupings than in the SNP and haplotype trees, and with less support (Fig. 1b) ; the unexpected grouping of Kalash, Melanesian and Papuan probably results from long-branch attraction during neighbour-joining analysis of their large numbers of CNVs (Supplementary Tables 1 and 2 ). Bayesian cluster analysis separated populations from Africa, Eurasia and the combination of East Asia, Oceania and the Americas, but with considerable variation across individuals (Fig. 1c) . MDS revealed some degree of geographic clustering, but only after removal of the three outliers that also appear in the population tree ( Fig. 1d and Supplementary Fig. 14) . The degree of difference between CNV and SNP population structure results is comparable to that obtained with subsets of the SNP data set with the same size as the CNV data set (Supplementary Figs 15 and 16 , and Supplementary Tables 3 and 4) . Thus, partial correspondence of CNV population structure patterns to those observed for SNPs and haplotypes supports the general reliability of the CNV genotyping and suggests some similarity in the evolutionary history of CNV loci to the histories of other types of marker.
The availability of worldwide high-density SNP data will be important for improving the prospects for disease-gene mapping in a broad set of populations. By employing methods that make use of high-resolution data sets to impute genotypes in study samples 25 , it will be possible to increase power to detect associations in diverse populations for which such data have not previously been available. The data also provide the basis for refining informative marker sets in contexts such as multi-population SNP tagging 26 , admixture mapping and ancestry inference, and for evaluating SNP tagging of CNVs for disease association tests 3, 22 . Because effective tagging may require high r 2 values between markers, and because high r 2 occurs only for markers with similar allele frequencies 27 , a difference in SNP and CNV allele frequency spectra suggests that ideal SNP sets for tagging CNVs may require a considerable fraction of rare variants. Finally, our detection of novel copy-number-variable loci in a population panel broader than those used in previous CNV analyses highlights the importance of considering diverse worldwide populations for full characterization of the pattern of human genetic variation. 13 . Relatives were subsequently removed. For each individual, at each SNP, probabilities were obtained for the haplotype cluster memberships of the two unobserved haplotypes of the individual, averaging across individuals to produce cluster 'frequencies' for each population. Haplotype cluster data sets were constructed by taking (for each chromosome) ten independent samples from the conditional distribution of chromosomewide memberships given the unphased genotypes and the estimated parameters of the model underlying fastPHASE. Cluster data set preparation for population structure analysis ignored geographic labels. CNVs. CNV detection employed a ten-SNP minimum to increase the reliability of calls 20 . Copy-number-variable loci were identified as regions with CNVs. Onecopy changes (one allele duplicated or deleted) were tabulated as one CNV; twocopy changes were tabulated as two CNVs. Data analysis. Rarefaction computations 5 of mean numbers of variants per locus private to each of 31 combinations of geographic regions used equal samples of 35 chromosomes per region. Percentages shown equal these 31 values, normalized by their sum. Trees were obtained from 1,000 bootstraps across loci; for haplotypes, bootstraps were split evenly across the ten data sets. Bayesian clustering used 40 replicates, using 1% of the SNP and haplotype data to avoid markers in LD. 'Replicates' included different 1% subsets (SNPs, haplotypes), different data sets (haplotypes) and separate runs with identical data (SNPs, haplotypes, CNVs). CLUMPP 29 was used to identify shared modes. For SNPs and CNVs, MDS used allele-sharing distance between individuals; for haplotypes, it used euclidean distance between cluster membership vectors. 
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